ABSTRACT. Whereas many studies in finance have examined and established a strong link between stock returns and information, the physical mechanics of this link have been relatively unexplored. With the advent of stock message boards, it has become feasible to look more closely at the group process by which information impacts prices and vice versa. This paper utilizes a large universe of messages posted to stock market discussion forums to understand how opinions are linked across tickers during small investor discussion. We define a collective information unit, the financial community. These are clusters of tickers sharing and accessing the same information generators. Graph theoretic techniques are used to detect financial communities and to summarize their properties. Community stocks display connectedness, and we find that the greater the connectedness in a financial community, the greater the covariance of returns within the community as opposed to that amongst stocks that are not part of a major financial community. Highly connected stocks, on average, have lower return variance and higher mean returns. Using eigenvector techniques, we detect stocks that are hubs for information flow, using a measure known as centrality. We find that stocks with high centrality scores tend to have greater average covariance with other stocks than those with low scores. Our analysis of connectedness and centrality establishes a link between one arena of the information generation process and stock return correlations.
INTRODUCTION
The flow of information into prices is central to the notion of market efficiency. Collective opinion on firm fortunes is incorporated into stock prices via the process of trading (as described in classic microstructure models, see Kyle [1985] , etc). Most microstructure models deal with the process of trading and informational efficiency of a single stock. In this paper, we broaden that specific perspective and examine how commonality of information flow affects stock returns across groups of stocks. Thus, we are interested not in the trading patterns of investors in a single stock, but in the information flow amongst groups of stocks by cohesive investors, coalesced into groups called "financial communities". We posit that commonality in information flow amongst stocks must result in commonality in returns. Using hundreds of message boards as empirical input, and graph theoretic tools as modeling structure, we find preliminary evidence that the behavior in financial communities translates into common return behavior in groups of stocks.
While theoretical and empirical models of information-based trading and resultant price formation are now well developed, the literature is silent about the process of opinion formation, and the way in which systematic information is generated about stock prices. The notion of market efficiency implies that information arrival is usually a surprise, resulting in sharp price responses which reflect the economic magnitude of the news event. Yet, stock prices also move in the absence of news announcements, as agents in the economy trade to take positions, reflecting their opinions on future returns for the stock. With the advent of stock message boards, the actual process of opinion formation is now partially observable. Whereas many theories in finance assume a strong link between stock returns and information, the mechanics of this link have been left relatively unexplored. The sole exception in this regard is the work on information cascades which is a strong argument that the physical flow of information and judgement may directly influence the effect on stock prices (for a vivid survey, see the resource by Bikhchandani, Hirshleifer and Welch [1996] , and for details, the original paper by Welch [1992] and the recent paper by Watts [2002] for a exposition related to networks). This paper utilizes a large universe of messages (over 23 million) posted to stock market discussion forums to understand how opinions are linked across tickers during small investor discussion.
A recent literature has started examining how message board opinions and discussion relate to trading. Recent work on opinion formation and dissemination amongst small investors on message boards, and the relationship to stock prices has suggested a weak link only. Wysocki [1999] found that overnight message posting volume is found to predict changes in next day stock trading volume and returns. Bagnoli, Beniesh and Watts [1999] provide evidence that whisper earnings forecasts posted to the web may be more accurate than those of First Call analysts. Antweiler and Frank [2001] show that messages weakly predict volatility but not returns, and consistent with Harris and Raviv [1993] , agreement among posted messages is associated with decreased trading volume. Das and Chen [2001] find that returns drive message board sentiment, rather than vice versa, and the result is robust and stronger when messages for many stocks are aggregated into an index-level sentiment measure. The results suggesting lack of predictability in returns are confirmed in Tumarkin and Whitelaw [2001] , though Antweiler and Frank [2002] show that high message volume is usually a forerunner for high volatility and low returns.
Hence, there is a growing literature emphasizing the link between information generation on stock message boards and stock returns and volatility. A recent paper by Das, MartinezJerez, Tufano [2001] coins the term "e-Information" and finds that information arrival is not always a surprise, and there is considerable auto-correlation and cross-correlation in information measures derived from message boards and news. They find that disagreement about market information leads to extensive debate, and the release of more information. A strong contemporaneous link exists between information flow and the price formation process. More news leads to rapid price adjustment, and more so in the presence of sentiment from e-Information. Tracer events indicate that message boards may have leaked information that was subsequently released in press channels. Immediately following an official news release, the level of discussion on message boards escalates, resulting in quicker assimilation of information. These results are suggestive of the phenomenon where message posting is a catalyst for the mechanism by which information is impounded into stock prices.
Thus far, all the papers in the literature on message board information sources have focused on the connections between stock returns and volatility, and the volume and content of the messages posted to stock discussion forums. Two very important aspects remain to be explored. First, message board discussion has not been related to the covariance of stock returns. Second, the literature on small talk on the web has not yet investigated the structure and properties of the community of small investors who discuss stocks on the internet. These investors express opinions on more than one stock in many message board forums, leading to a connectedness of information across tickers. Stock returns are also known to possess specific cross-covariation effects, presumably emanating from common return factors, but also from commonality of the opinion formation process (see the results of Boudoukh, Richardson and Whitelaw [1994] ). Analyzing communal discussion about the stock market is warranted, because these group dynamics are possible antecedents of market phenomena like cross-covariations, herding, crashes, bubbles etc. This paper (i) defines a financial community, (ii) uses millions of messages to uncover the number and structure of these communities, and (iii) undertakes a preliminary investigation of the empirical relationship of these financial communities to return covariation patterns amongst stocks in the U.S. market.
We represent the financial community on stock message boards as a network graph. Stock tickers are nodes on the graph, and we develop metrics for the connection strengths between nodes on the graph. The graph model allows us to ask specific questions about the nature of this community, i.e. its degree of connectedness and how variations in connectedness over time covary with stock market returns. This graph of message boards also enables the notion of centrality of some stocks relative to others (see DeMarzo, Vayanos and Zwiebel [2002] for a formal theoretical analysis to markets in general). The centrality property recognizes that some stocks gain more importance than others in the collective processing of information, and that their premier position on the information graph may lead to differences in the rates at which information is impounded into stock returns. We compute empirical properties on both connectedness and centrality from our information graph, and use these measures to analyze the properties of opinion formation.
Any examination of the relationship between internet financial communities and mean stock returns, variances and covariances presupposes that the expression of opinion on these boards is not vacuous. One criticism leveled against all such studies is that since there is no financial stake in the messages posted to these boards, their information value is debatable. Further, message posting is costless, and may lead to multiple equilibria of differing informativeness (see Admati and Pfleiderer [2001] ). On the other hand, message boards are forums for people to seek validation of their opinions, both before and after making trades in a stock. There are also possible behavioral and transaction cost reasons for why message boards may contain information regarding the correlation of stock returns. Barber and Odean [2002] show empirically that individual investors tend to demonstrate "attentionbased buying", i.e. they buy more into stocks that have greater trading volumes, returns and news. The greater the commonality of information across boards, the more likely it is that attention-based trading will drive returns closer together for those stocks that provide high attention value. Certainly, message board discussion will reflect enhanced attention, and may be an underlying reason for some of the results we present in the empirical portion of this paper.
The primary purpose of this paper is to provide a definition of "financial communities" and to establish a framework for analysis of the population of message boards as a whole. Our definition, formally introduced in the next section, highlights two attributes of these communities, i.e. connectedness and centrality. We investigate these attributes using graphtheoretic tools applied to millions of messages over hundreds of message boards.
We summarize here the main findings of this paper. First, we characterize the physical structure of the communities on message boards. A notable feature is that there tends to be one large community surrounded by many smaller satellite sets. On average, stocks in strong communities are found to have higher mean returns as well as lower return standard deviations, implying a favorable risk-return trade-off relative to stocks in weakly linked communities. Second, we detect that the intra-community covariation of stock returns is higher than the extra-community covariation. This result is consistent with the hypothesis that group discussion influences common opinions that are impounded into stock returns. Third, we find that high centrality stock returns covary with other stock returns to a greater extent than low centrality stocks. High centrality message boards are akin to information "hubs" through which information for many stocks is shared.
The rest of the paper proceeds as follows. Section 2 presents our proposed graphtheoretic framework, and Section 3 describes the data. In Section 4, we characterize the structure of financial communities and investigate the connectedness attribute. Section 5 examines the interplay of communities and stock return covariation. Section 6 defines and investigates the centrality attribute. Section 7 offers concluding comments and suggestions for future research.
MODEL
Our community graph is denoted G = [V, E], where V is a node set, and E is an edge (connections) set. We have exactly one node per stock ticker, and the number of nodes is m, i.e. |V | = m. Canonical notation for the edges will be e = (v, w) ∈ E, where v, w ∈ V are nodes, and the size of the edge set is |E| = n. The nature of the edge set will be different for various implementations, and it will be clear from the context whether the edge set implies a directed or undirected graph. Graphs will cover many tickers within a fixed time period (day, week, months, etc). Note that the graph G examines the strengths of connections between tickers. One can envisage an inversion of graph G, where the nodes are message posters and we investigate various edge metrics for the information connections between the investors themselves.
We may consider many types of edge sets. For example, one scheme may be message handle based. The handle h ∈ H of a message is simply the poster's screen name. H is the set of handles. Edge weights between nodes are a count of the number of common handles that exist between two message boards. We define a metric p(e) for each edge, such that
It is easy to think of p(e) as denoting a count of common posters on two boards. Under this metric, the graph is undirected.
Another example of a graph scheme may be ticker reference based. In this scheme, a metric for edge weights t(v, w) is defined as the extent to which a message board for ticker v has mention of ticker w. Thus,
of Msgs with references to node w}.
Note that this graph is directed. Therefore, t(v, w) = t(w, v). The count is taken over the number of messages that contain cross-references. Multiple cross-references within the same message are not double-counted. We can also compute another version of this metric for undirected graphs, where the edge weights are t
(v, w) + t(w, v).
These graphs may be expressed in the form of adjacency matrices, such that cell values in the matrix A(v, w) = p(v, w) (or A(v, w) = t(v, w)) as the case may be. In this paper, we restrict our attention to a graph based on message handles, i.e. distinct poster screen names. Since the graph is undirected, the adjacency matrix A(v, w) is square-symmetric.
DATA
Our data comprises all messages posted to stock boards during the period January 2000 to April 2001 , comprising a total of 16 months. Various provider boards were covered in this data collection exercise, but the major share of message volume comes from Yahoo's message boards. Other boards with material message volume were those of Motley Fool, Raging Bull and Silicon Investor. The total number of tickers covered in this study was over 2,000 and the total number of posted messages across all boards was 23,096,505. The total number of screen names across all message boards was over 50,000, which is an a large number of people involved in the process of opinion formation. These statistics suggest that message boards are now an accepted and active medium of information exchange for the equity markets.
The data was obtained from Codexa Inc., a firm that harvested all internet information traffic on U.S. stocks. A major part of this information comprises postings to message boards, which is the focus of our study. We extracted and stored the following information from each message: the ticker, the poster's screen name, and the full time stamp. From this, we were able to compute the adjacency table A(v, w) listing the number of posters in common across each pair of tickers (v, w). In the following sections, we utilize the matrix to develop various measures of the information linkages between tickers.
MESSAGE BOARD CONNECTEDNESS & COMMUNITY STRUCTURE
We define nodes v and w as being connected if a path of non-zero edge weights between nodes in a chain {v, v 1 , v 2 , ..., v k , w} exists, where k = 0 is possible as well. The questions we ask in this paper relate to the degree of connectedness of the graph, such as "how many" connections, and the "strength" of these connections. A community is thus characterized by the number and strength of its relationships.
A count of the number of communities within our universe of message boards is attained very quickly by running a depth-first search (DFS) through the adjacency matrix A. The depth-first search begins from any node and circumscribes a community by working through and accumulating under one community all connected nodes on the graph until it encounters no further connected nodes to visit.
1 It then finds the next community by restarting the search from any unvisited node, visiting as many connected nodes as possible. The number of distinct communities is equal to the number of times the DFS restarts from an unvisited node. The algorithm is fast and takes O(m + n) work only, i.e. it is a linear time algorithm (the algorithm is standard, and is not reproduced here. Also recall that m is the number of nodes, and n is the number of edges).
During the DFS run, we simultaneously determine the node clusters that comprise the communities or "connected components" of the graph. This does not change the run time of the algorithm. Detecting communities has quantitative and qualitative implications. The number of communities that exist are not known and to the best of our knowledge, this is the first characterization of group opinion forming behavior in a stock market community. Qualitatively, we examine the connection between community structure and stock return covariation.
Numerical results.
We examined the number of common posters across boards in different ways. We first looked at the connectedness of message boards for different tickers. Connectedness is related to the extent of overlapping posters across message boards. Hence, if board A has common posters with board B, and board B has common posters (may be different than that with board A) with board C, then A is also connected to C, and the three boards together comprise a community. Empirically, it turns out that most message boards are connected if we only require one common poster across any two boards. Since these are standard and basic algorithms, further details are not provided here, and may be easily accesses in well-known references such as Tarjan [1983] . 2 This finding is consistent with the metaphor of "six degrees of separation", i.e. the notion that everything is more connected than we expect. this feature, we redefine connectedness with respect to an "overlap threshold", denoted K. i.e. two boards are only connected if they have at least K common posters, i.e. A(v, w) ≥ K. Setting K = 1 (minimal level) results in one large community and many singleton communities. However, as K increases from 1, we get interesting community patterns.
To fix ideas, we present Figure 1 . The graph presents an example of a connectedness diagram. There are 7 tickers, A through G, represented by the nodes on the graph. The numbers represent the number of common posters between the tickers' message boards. In this graph, the connection threshold is set to K = 1, meaning that two tickers are connected if there is at least one common poster on their message boards. Hence, all connections are valid, irrespective of strength. In this example, we can see that all the stocks form a single community, as they are all linked. In Figure 2 we set the connection threshold to K = 5, and the number of connections reduces. Instead of one large community, we get 4 communities: {A, D}, {B, C}, {E, F }, {G}. Thus, there are 3 small communities, and one singleton community.
Computing communities based on different overlap thresholds has two effects. First, as K increases, the size of the biggest community decreases, and instead of one single large community, we expect to see smaller, but more numerous communities.
Second, as K, the threshold number of posters increases, we also expect to see that the number of eligible message boards declines, since some boards may attract less than K people (or screen names). As the number of eligible message boards declines, the number of communities also declines. The interaction of the two effects suggests that as K increases, the size of the large community decreases, and devolves into a few smaller ones, and then as K gets much larger, the total number of communities declines.
We analyzed messages in monthly blocks. Hence, for each calendar month from January 2000 to April 2001 , we computed the number of communities for a range of threshold levels, where K takes values in the following set: {1, 2, 5, 10, 25, 50, 100, 200, 500}. The results are presented in Tables 1, 2 and 3, with one panel per month. The counterbalancing effects described previously are evidenced in the tables. As an example, in Table 1 , consider January 2000, at the overlap threshold k = 25. There is 1 large community of size 104 tickers, 2 small communities of size 3 tickers, and 1 small community of 2 tickers. Finally there are 392 singleton tickers, i.e. tickers that don't belong to any community other than the one solely comprised by themselves. Looking across columns in the tables shows that as threshold K increases, the size of the biggest community decreases, and the number of non-singleton communities increases, up to a point, after which only a single smaller community remains.
Thus, there is always one main community. This pattern permeates the data, irrespective of the time period, or the overlap threshold. The implication is that the information environment across the active message boards is not a segmented one, but has a lot of common opinion flow. Whether this translates into greater intra-community covariation amongst stocks will be tested in the next section.
FIGURE 1. Connectedness graph
The graph presents an example of a connectedness diagram. There are 7 tickers, A-G, represented by the nodes on the graph. The numbers represent the number of common posters between the ticker's message boards. In this graph, the connection threshold is set to K = 1, meaning that two tickers are connected if there is at least one common poster on their message boards. Hence, all connections are valid, irrespective of strength. In this example, we can see that all the stocks form a single community, as they are all linked. Information commonality and aggregation on message boards belonging to the same community may result in similarity of opinion reflected in stock trades, ultimately impounded into stock returns. Therefore, we examine the returns of stocks within strong communities in comparison to those in weak communities. We also test for whether the Stocks within strong communities are less likely to receive information shocks. Connectedness of the message boards results in information spillovers from one stock to the next, with a continuous stream of information, reflected in smoother price adjustment. In contrast, stocks in weak communities have very weak information linkages and are more likely to evidence surprises. It is unclear as to which mode of information release would result in the greater standard deviation of returns. In strong communities, the more frequent release of information may cause more return variation, and in weak communities, the greater surprise effect would result in a higher standard deviation of returns. We assess this question empirically in the following subsection.
In our study of connectedness, we noticed the presence of a single major community. The hypothesis to be tested is that firms within this community will evidence greater covariation of returns than firms that do not belong to the community. Hence we compare the covariances of firms within this major community to covariances between firms that do not belong to any community, i.e. singleton companies. To ensure a meaningful comparison, we attempt to divide the companies into two equal groups as far as possible. We adopted an overlap threshold of 5 for the comparison of covariance matrices. Using this threshold, we determined the different communities in the data for each month. We found that at the threshold level of K = 5, the number of singleton communities is roughly equal to the size of the largest community. Hence, we use this set of equal-numbered firms as a balanced comparison sample for companies in the large community. Table 4 for each month in the sample period. The period of the study runs from January 2000 to April 2001 . Using all stocks within the strong community, we created an equally weighted portfolio and computed its realized risk and return for each month. We call this portfolio the "community portfolio". Likewise, we computed the risk and return for an equally-weighted portfolio of singleton stocks. We call this portfolio the "singleton portfolio". The community portfolio outperformed the singleton portfolio in 14 of the 16 months in the sample. The standard deviation of returns of the community portfolio was lower than that of the singleton portfolio in 13 of the 16 months in the sample. Therefore, in our sample period, the community portfolio provides a better mean-variance tradeoff than the singleton portfolio.
Comparison of returns. A comparison of return means and standard deviations is reported in

Comparison of covariances.
To undertake a statistical comparison of the covariances of the two sets of companies, i.e. large community versus singletons, we computed the covariance matrices of returns for each set. We then extracted the lower diagonal submatrix of each covariance matrix. The means of these elements is then compared across both matrices, using a standard difference of means test. The results are presented in Table  5 . We were able to get balanced sets for most of the sample months, which may be seen from a perusal of the number of observations in the table.
Companies that are part of a large community will tend to have similarity of opinion, since the message posters are common and are linked across message boards. If this translates into trading behavior, then the stock returns of firms within the community will covary more closely than firms that are from separate communities. Our test of the difference in means examines whether this is statistically present in the data. We notice the following results. The ratio of the mean covariance in the community based matrix to the singleton based matrix is significantly greater than 1.0, implying that stock returns for community stocks are more closely related. Barring one month in the data set, when the mean covariances were almost the same, all the other 15 months evidenced greater covariance for major community stocks. Statistical significance is also achieved -except for two months, the t-test for the difference in means is strongly significant.
It is interesting to note that the standard deviation of the covariances of stocks in the major community set is usually much smaller than that of the singleton set. Given information commonalities, the stocks in the community are likely to be similar in their trading patterns, and hence their covariances too, will be less dispersed relative to firms in the singleton communities.
CENTRALITY OF INFORMATION
An examination of connectedness leads naturally to an analysis aimed at understanding the degree of information flow between communities. The more the flow, the greater the amount of market opinion that is shared across the message boards of various stock tickers. The definition of connectedness in the previous section is based on binary connections between nodes on the message board graph. It measures how much flow occurs between nodes on the graph. In this section, we extend this concept further by considering the notion of centrality of information flow, which captures the closeness of opinion flow. Connectedness focuses on the edges or arcs of the community graphs and the amount of information that flows between nodes. Centrality places more emphasis on the nodes of the graph and identifies which nodes have more prominence as hubs in the exchange of information. One would expect that the more central a node on the graph, the greater the influence its information flow would have on other nodes. 3 Centrality may be measured using eigenvector methods. This notion of centrality in sociology was developed by Bonacich [1972] , [1987] , in studies that looked at power centrality in social networks (see also the recent work of DeMarzo, Vayanos and Zwiebel [2002] on the relevance of this class of models to financial markets). We adapt this concept to quantify the centrality of information. A message board has greater information centrality if it is connected to other boards that have high centrality as well. Very high centrality may be viewed as analogous to the presence of an information hub. The definition of centrality is in essence recursive and reflexive. Each message board's centrality is a function of every other board's centrality. Likewise, important message posters visit the important boards, which makes the boards and the posters more central.
Given m message boards or nodes, we compute an adjacency matrix A = {a ij } ∈ m×m , where a ij is the overlap between boards i and j, i.e. the number of common posters on boards i, j. In this setting, we defined connections as existent when the threshold level was K = 5. We define x ∈ m as the vector of centrality scores. Since each element of this vector is a function of all the other elements (the centrality of a message board is a 3 See Theorem 1 in DeMarzo, Vayanos and Zwiebel [2002] for a formal presentation of this idea.
function of the centrality of other message boards), we may write the equation system as:
The parameter λ is a scaling coefficient. If this is written in matrix form, we obtain
This equation parallels the definition of an eigensystem. Hence, it has a solution under mild technical conditions. The solution to equation (2) provides a set of m eigenvalues λ, along with the corresponding eigenvectors x. The eigenvector corresponding to the highest absolute eigenvalue is taken to be the centrality vector of the financial community.
The centrality score for each node on the message board graph relative to any other node, denotes the extent to which the the message board has greater commonality of information with other message boards. .3162] which shows that node 3 is less connected than nodes 1 and 2. A graphical depiction of the systems represented in the matrices above is provided in Figure 3 . The 3 diagrams relate to the matrices above in the order in which they appear.
For each month in our data set, we computed the centrality scores for all message boards. We notice that a few boards appear to have very high centrality. These boards are the ones where information appears to be generated and localized.
FIGURE 3. Centrality
This figure presents the 3 matrices in the centrality section in graphical form. The three panels are in the same order in which the matrices appear in the paper. Connectedness arises from the number of connections a message board has with other message boards. Centrality is a special kind of connectedness where a board is more central if it is connected to other more important boards. Since the analysis so far has covered hundreds of boards and millions of messages, and presented aggregate statistical evidence, it is useful at this stage to examine at a microscopic level, which firms seem to predominate this analysis. Figure 4 attempts to provide some insights of this nature by looking at the data for January 2000.
This plot presents a visual depiction of the connectedness and centrality of individual stock tickers. The location of the ticker on the graph is a function of the degree of connectedness. The most highly connected stocks are placed in the center of the graph, and the distance of the stock from the center reflects declining connectedness. Connectedness is measured by the number of common posters that a stock has with other stocks, and the distances are scaled to reflect the standard deviation of the sample on a (-1,+1) grid. Centrality is reflected by the size of the ticker symbol on the graph, with a large size for the top third of the tickers, medium size for the middle third, and small size for the bottom third. If viewed on screen, the large, medium and small centrality groups are depicted by the colors red, blue and green. To avoid clutter on the graph, connectedness is reflected only for a threshold level of K = 50. This keeps the number of tickers on the graph to a manageably visible number.
The plot shows that the two most connected stocks are Lucent (LU) and America Online (AOL). Other stocks in the close vicinity are Compaq (CPQ), AT&T (T) and International Business Machines (IBM). These stocks have high centrality too. However, there are other stocks with high centrality that do not have high connectedness, such as SBC communications (SBC), Citicorp (C) and Motorola (MOT). Stocks with low centrality do not have high connectedness. There do not appear to be strong industry based concentrations, with the exception being that the topmost centrality firms were technology companies. Even at
FIGURE 4. Visual Depiction of Connectedness and Centrality
This plot presents a visual depiction of the connectedness and centrality of individual stock tickers. The location of the ticker on the graph is a function of the degree of connectedness. The most highly connected stocks are placed in the center of the graph, and the distance of the stock from the center reflects declining connectedness. Connectedness is measured by the number of common posters that a stock has with other stocks, and the distances are scaled to reflect the standard deviation of the sample on a (-1,+1) grid. Centrality is reflected by the size of the ticker symbol on the graph, with a large size for the top third of the tickers, medium size for the middle third, and small size for the bottom third. If viewed on screen, the large, medium and small centrality groups are depicted by the colors red, blue and green. To avoid clutter on the graph, connectedness is reflected only for a threshold level of K = 50. The plot covers the month of January 2000. 6.2. Centrality and Returns. In this subsection, we examine the relationship between stock return covariances and centrality. The more central a stock is, the more closely it should be tied by information links to the other stocks (by definition). Then, by hypothesis, a stock with a high centrality score should have greater return covariation with other stocks, especially the more central ones.
We test this hypothesis using a simple measure. The steps are as follows:
(1) Compute the centrality measure x i for all firms i = 1...m.
(2) Next, compute the covariance matrix S = {s ij } of returns for the m firms. For each firm i, compute the average pairwise covariance with all the other firms, i.e.
(3) In the final step, compute the correlation between centrality and return covariance, i.e.
If this correlation is positive and statistically significant, it supports the information commonality hypothesis.
The procedure undertaken was as follows. For each of the 16 months in the data set, we computed the centrality score for all tickers that had messages during that month. Our centrality scores are based on a threshold of K = 5. These results are based on the 795 firms that are connected, as all firms do not meet the threshold. Next, we also computed the pairwise covariance of all firms in the centrality sample for each month. The number of firms that emanated from the data varied from month to month. If there was no message activity during any month, a ticker would not be part of the data for that month. While a total of 795 tickers qualified across all months, the most that qualified in any month were a little over 400 tickers.
In order to assess the connections between centrality and returns, for each month we ran regressions of the c i (covariance) scores against the x i (centrality) scores. This is a cross-sectional regression across firms, and the results are reported in Table 6 . We notice that while the R 2 values of the regressions are quite low, the F-statistic is highly significant in 9 of the 16 months, especially in the latter half of the sample, when the number of firms increased. Overall, the connection between centrality and covariance is positive. In the last column of Table 6 , the level of correlation is seen to be of reasonable value in many of the months in the sample. Therefore, in addition to the link we uncovered between connectedness in communities and return covariance, we also find a link between centrality and covariance. This evidence supports a weak link between the information structure in financial communities and return covariance. 4 These results on the positive relationship between returns, connectedness and centrality suggest that message board discussion may play some role in the mechanism by which information is impounded into stock prices. The recent work of Antweiler and Frank [2002] finds that individual stocks with active message board participation demonstrate weakly forecastable volatility and returns. This would support an investigation such as ours, which examines, using very different techniques, similar issues.
CONCLUSIONS
Many theories in finance assume a strong link between stock returns and information, yet the mechanics of this link have been left unexplored. With the advent of stock message boards, it has become feasible to design models to understand how information impacts prices and vice versa. This paper utilizes a large universe of messages posted to stock market discussion forums to understand how opinions are linked across tickers during small investor discussion. We define a new information unit, the financial community. These are clusters of tickers sharing and accessing the same information generators.
There are three contributions in this paper. First, graph theoretic techniques are used to detect financial communities and to summarize their properties. Second, strong community stocks display connectedness, higher mean returns and lower standard deviation of returns than unconnected stocks in weak communities. We find that the greater the extent of connectedness in a financial community, the greater the covariation of returns within the community as opposed to covariations amongst stocks that are not part of a major financial community. Third, using eigenvector techniques, we detect stocks that are hubs for information flow, using a centrality measure. We find that stocks with high centrality scores tend to have greater covariance with other stocks than those with low scores. Our analysis of connectedness and centrality establishes a link between one form of the information generation process and stock return covariances. This paper has restricted attention to a single definition of financial community. Our graph-theoretic model supports many alternative definitions, which we plan to explore in future research. 4 We emphasize again that these are weak results. Whereas the F-statistics are good, the R 2 values are low; therefore the results are mixed. This table presents the mean and standard deviation of daily returns for equally-weighted portfolios of community and singleton stocks. The statistics are presented for each month of the sample. The differences between the returns of the community portfolio and singleton portfolio are also reported.
TABLE 5. Community and Covariance Analysis
This table presents the differences in means of covariances for companies that are part of a large community versus companies that are singletons. For the community covariance matrix and the singleton set covariance matrix, we compute the means of all elements in the lower diagonal. A difference of means test verifies whether the average covariances are significantly different. In most months we find that the community covariances are significantly higher. We report the ratio of the means and the t-statistic for the difference in means. The number of companies for each covariance matrix are also reported. 
